Pacific lionfish (Pterois sp.) in a reef crevice in Eleuthera, The Bahamas, which is part of the invaded Caribbean range.
INTRODUCTION
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KEY WORDS: Lionfish · Pterois · Species distribution models · Remote sensing · Invasive species · Habitat mapping management (Araújo & Guisan 2006) . Species distribution maps, including habitat suitability maps, may be based on predicted presence and absence (Guisan & Thuiller 2005) . Many habitats are characterized by physical features that do not change rapidly (McComb et al. 2010) ; however, biotic interactions may alter species distributions over time and are more difficult to quantify (Araújo & Guisan 2006) . The availability of remotely sensed bathymetry now provides the opportunity to create physical habitat maps for use in marine ecosystems (Pittman et al. 2007 , Pittman & Olds 2015 , Roelfsema et al. 2018 .
Species distribution modeling has been used for tracking the spread of invasive species and for planning control efforts (Václavík & Meentemeyer 2009 , Gallien et al. 2012 , Petitpierre et al. 2012 . However, species distribution models are heavily focused on terrestrial systems, and use of these models has typically been limited in marine systems, despite the fact that species invasions are a pressing issue for management (Robinson et al. 2011) . Invasive species can alter or disrupt functioning ecosystems (Pyšek & Richard son 2010) by overconsuming or outcompeting native species for resources, changing nutrient cycling, and overall altering food webs and community structure (Molnar et al. 2008) . The rate of spread of invasive species is attributed to a complex combination of factors (Catford et al. 2011) , such as native biotic resistance (Kimbro et al. 2013 , Byun & Lee 2017 , ecological release (Keane & Crawley 2002 , Co lautti et al. 2004 , Kimbro et al. 2013 , and the ecological landscape of the invaded range (Baltz & Moyle 1993 , Collinge et al. 2011 . Because species interactions and complex community interactions may be more difficult to quantify than physical habitat, using suitable habitat to predict where invasive species occur may be a more practical and general approach.
Invasive Indo-Pacific lionfish (Pterois spp.) were introduced to the subtropical western Atlantic late in the last century and have now spread throughout the greater Caribbean (Schofield 2009 ), including the Gulf of Mexico (Whitfield et al. 2007 , Schofield 2010 , and into South American coastal waters (Evangelista et al. 2016) . Lionfish greatly reduce recruitment of ecologically and economically important fish species on reefs (Albins & Hixon 2008 , Albins 2015 , Ingeman 2016 , Kindinger & Albins 2017 , Tuttle 2017 , including extirpation in some cases (Benkwitt 2013 , Ingeman & Webster 2015 , Ingeman 2016 . Locating and removing lionfish is now a major goal for conservation of coral reefs in the Caribbean (Frazer et al. 2012 , de León et al. 2013 , Hackerott et al. 2013 , Green et al. 2014 , Usse glio et al. 2017 ). However, current management options for controlling lionfish populations are limited to manual searching and removal by divers using spears or nets, which are labor intensive and time consuming (Green et al. 2014) . More comprehensive regional mapping of lionfish distribution would allow management to prioritize removal efforts.
Invasive lionfish (Fig. 1 ) prefer rugose (roughtextured) seafloors, where they can find cracks and caves in which to shelter during the daytime when not feeding and where there are strong currents (Fishelson 1997 ). Thus, reefs, which often contain one of more of these features, provide suitable habitat for lionfish. However, lionfish are not limited to reef structures; they also occur in seagrass beds (Kulbicki et al. 2012 , Benkwitt 2016b , mangroves (Barbour et al. 2010 , Pimiento et al. 2013 , river estuaries (Jud & Layman 2012 , Kulbicki et al. 2012 , and on reef slopes as deep as 100 m (Lesser & Slattery 2011 , Nuttall et al. 2014 and are often characterized as habitat generalists (Cure et al. 2014) . It remains unclear whether lionfish are attracted to reefs be cause of the highly complex structure, or are responding to some aspects of the biotic community, such as prey abundance, or both. Lionfish may leave small patch reefs at dusk, hunt at night, and return to reefs at dawn, suggesting that they are attracted to reefs as shelter, and not necessarily by the prey assemblage on the reef (Benkwitt 2016a,b) . Moreover, large iso- The goals of this study were:
(1) to map the distribution of invasive lionfish based on coarse-scale, satellite-derived seafloor habitat classification and physical habitat features, and to evaluate map accuracy as a test of the hypothesis that lionfish will be found in more complex habitats;
(2) to map the distribution of lionfish based on finescale physical habitat features and a biotic factor, specifically the abundance of large groupers, and evaluate map accuracy as a test of the hypothesis that diver-obtained microhabitat and biological data will improve the model; (3) to present a method of species distribution modeling for lionfish that can be modified and used in other locations within the invasive range of lionfish by ranking the importance of types of data for predicting lionfish distribution.
MATERIALS AND METHODS

Study area
This study was conducted during the summer months (May−September) of 2013−2016 on the south west end of the island of Eleuthera, the Bahamas (24.83°N, 76.33°W; Fig. 1 ). The system consists mainly of reefs separated by sand and seagrass beds, producing patches with varying degrees of isolation, as well as areas of spur and groove reef on the Exuma Sound side of Cape Eleuthera. The Exuma Sound is exposed to prevailing trade winds (NE− SE), and the coastal shelf ranges in depth from 3 to 25 m. Beyond the coastal shelf, the seafloor drops abruptly to 2000 m depth.
Reefs surveyed
Study reefs were chosen based on 2 criteria to encompass (1) the natural range of reefs on the shelf using knowledge of the area gained from previous studies (Pusack et al. 2014 , Ingeman 2016 , Kindinger & Anderson 2016 , and (2) , and ranged in depth from 4 to 25 m. Study reefs also varied in vertical relief and microhabitat structure. Additionally, in 2016, sampling was done on a set of 90 points distributed over the 58 km 2 study area, including all habitat types. Points were selected using the random point generator in ArcGIS (v. 10.2.2). This resulted in a total of 126 sample points.
Surveys were conducted throughout the study season (May−September) in each year except 2013, when data were available only for June. All surveys were conducted by a pair of SCUBA divers during daylight hours between 10:00 and 17:00 h. Survey time varied depending on reef size and complexity, and lasted 30−60 min, and each random point survey lasted 10−30 min.
Fish and invertebrate surveys
Invasive lionfish
Between 2013 and 2016, each of the 36 reefs, including a 10 m diameter buffer of surrounding sand or coral-rubble seafloor, was thoroughly searched for lionfish by divers using dive lights to examine all cracks and crevices. In addition to the reef surveys in 2016, a 20 m diameter circular plot was surveyed at each of the 90 randomly located points. All lionfish seen were counted, visually sized for total length (TL) to the nearest centimeter, and their locations mapped.
Native species
Reef surveys were conducted for large native piscivorous groupers (potential predators of lionfish and potential competitors for food). Additionally, surveys included prey-sized fish (the known primary forage base of lionfish; Morris & Akins 2009 , Valdez-Moreno et al. 2012 , Côté et al. 2013 , Dahl & Patterson 2014 , Arredondo-Chávez et al. 2016 ) and large mobile invertebrates such as Caribbean spiny lobster Panulirus argus and longspine urchin Diadema antillarum, which occupy cracks and crevices similarly to lionfish. However, prey survey data were not available at all reefs, and invertebrates were observed at such low densities that both of these data sets were excluded from the final models. All fish and invertebrates were counted and fish were visually sized to the nearest cm TL.
Habitat mapping
Bathymetric data points derived using World View-2/3 satellite images of the southwest coast of Eleuthera, the Bahamas, were obtained from EOMAP (www. eomap.com). The vertical accuracy of the data was 2 m grid spacing and the horizontal accuracy was ± 0.5 m for the entire 58 km 2 study area. Point data were imported into ArcGIS 10.2 and used to create a digital elevation model (DEM) for the 58 km 2 study area. Habitat variables were generated from the DEM using the 'Benthic Terrain Modeler 3.0' plug in for ArcGIS (Wright et al. 2012 , Walbridge et al. 2018 , including depth, rugosity, bathymetric position index (BPI, a measure of peaks and valleys relative to a designated neighborhood size), and first derivative of slope (curvature) ( Table 1 , Fig. 2 ). At each of the 126 survey points where lionfish were sampled, surveys were completed of fine-scale physical habitat, including the location of reef cracks (< 2 m diameter, i.e. below the resolution of the satellite data), ledges and caves, and surrounding substrate (e.g. sand, hard bottom, seagrass). At the 90 randomly located points sampled in 2016, substratum was classified in a 20 m diameter circular plot. If the random point landed on an isolated reef, reef area measurements were taken and any small cracks, ledges, and caves were noted (Fig. 2F ).
Model design
The objective of this study was to test how various types and spatial scales of data might help predict the local distribution of lionfish. Models were con- (Gratwicke & Speight 2005 , Rilov et al. 2007 ) and have been used in modeling distributions of marine fishes (Pittman et al. 2007 , Young et al. 2010 .
A set of models was created using 4 datasets with variables as the independent predictors of suitable lionfish habitat (Table 1) . Predictor variables included (1) remotely sensed seafloor habitat provided by EOMAP, including 4 seafloor habitats (coral reef, hard bottom, hard bottom with algae, and un con so lidated sediment) classified based on seafloor reflectance and spectral characteristics; (2) coarse-scale physical habitat derived from remotely sensed bathymetry, such as depth, slope, aspect, curvature, rugosity, and BPI; (3) field-collected, physical variables based on data collected by divers, i.e. fine-scale physical habitat features such as caves and ledges as well as cracks < 2 m (i.e. resolution of the remotely sensed data); and (4) field-collected biotic variables, based on data collected by divers, i.e. the density of large groupers (i.e. potential biotic interactions).
Generalized additive models (GAMs) were run using the 'gam' function in the R statistical package for ArcGIS (R Development Core Team 2008 , Roberts et al. 2010 . GAMs are flexible models that can be used with non-linear data (common in ecological studies), and can also account for data which do not have equal variance (Guisan & Thuiller 2005 , Zuur et al. 2009 ).
GAMs were fit in an iterative process in which a full model using all available variables was created, and then variables were removed or replaced successively until the best-fit model was created. Model fit was assessed using deviance explained and variable significance. The deviance of a generalized linear model is twice the difference in loglikelihood be tween the proposed model and a saturated model (a model with as many parameters as there are observations). For a Gaussian family, this is the usual re sidual sum of squares, and the percentage deviance ex plained is exactly R-squared. For non-Gaussian families, the percentage deviance explained provides an analog of R-squared that can help quantify the goodness of fit of a model. Presence and absence models were fit with a binomial distribution, and density models were fit with a Gaussian distribution. All presence/ absence data were true presence and ab sence data, i.e. absences are locations that have been surveyed and species were not observed, rather than presence-only data where absences are inferred (Koshkina et al. 2017 ). Models were constructed using 70% of the data (n = 76). Predictive accuracy of the models was calculated by comparing actual presence, absence, or density observations to the predicted distribution from the model using the remaining 30% of data (n = 39). Statistical significance was determined using an alpha value ≤0.05.
Various subsets of the variables in the best-fit model (Model 1) were created to simulate different scenarios of data availability. Models 2 and 3 were habitat-only models. Model 2 included all available physical habitat data, including the physical habitat variables derived from remotely sensed bathymetry, i.e. depth, slope, aspect, curvature, rugosity, and BPI, as well as the 4 classes included in the seafloor habitat classification layer, and the micro-habitat diver collected data. Model 3 was a coarse-scale model that included only the habitat features that could be derived from the remotely sensed bathymetry data and omitted the diver-collected data, i.e. a broadscale model. Models 4−6 were based only on divercollected data. For the full model (Model 4) this included both biotic data on grouper densities as well as the micro-habitat data. Model 5 included only diver-collected biotic data, and Model 6 included only data on the presence of microhabitat features. Response variables for all models were either lionfish presence and absence (Models PA1−PA6) or lionfish density (Models D1−D6).
Additional GAMs were run to detect any relationship between lionfish density and prey density on the subset of reefs where these data was available.
RESULTS
Lionfish presence and absence
Model PA1, which used derived coarse-scale physical habitat features and diver-collected finescale physical habitat data, accurately predicted lion fish presence or absence 89% of the time (Table 2) . Micro habitat was the only significant variable, with 1 or 2 microhabitat features significantly correlated (GAM, p = 0.014 and < 0.0001, respectively), and ex plained 68% of the deviance. Model PA2, which used all available habitat data, accurately predicted lionfish presence and absence 95% of the time (Table 2) . None of the variables was significant, and the model explained 84% of the deviance. Model PA3, based on spectrally derived seafloor habitat data and the broad-scale habitat layers, accurately predicated lionfish presence and absence 76% of the time (Table 2) . Rugosity was the only significant variable in the model (GAM, p = 0.003), and the deviance explained was 38%. Model PA4 included only variables that were collected by divers and accurately predicted lionfish presence and absence 87% of the time (Table 2) . Microhabitat was the only significant variable, with 1 or 2 microhabitat features significantly correlated (GAM, p = 0.019 and < 0.0001, re spectively), and explained 67% of the deviance. Model PA5, which used only the density of native grouper, accurately predicted lionfish presence and absence 86% of the time (GAM, p = 0.001, Table 2 ), but only explained 16% of the deviance. Model PA6 used only the diver-collected microhabitat variables and accurately predicted lionfish presence and absence 87% of the time (Table 2 ). Locations with 1 or 2 microhabitat features present were significant (GAM, p = 0.008 and << 0.001, respectively) and ex plained 66% of the deviance.
Lionfish density
Model D1, which used derived coarse-scale physical habitat features, diver-collected fine-scale physical habitat data, and diver-collected biotic data on grouper densities, accurately predicted lionfish density 72% of the time (Table 3) . Microhabitat and grouper density were both significant (GAM, p < 0.0001, = 0.0002, and = 0.043, for presence of 2 or 3 microhabitat features and grouper density, respectively), and ex plained 50% of the deviance. Model D2, which used all available habitat data, accurately predicted lionfish density 70% of the time (Table 3) . Microhabitat was the only significant variable (GAM, p = 0.044, < 0.0001, and < 0.001, respectively), and explained 48% of the deviance. Model D3, based on spectrally derived seafloor habitat data and the broad-scale derived habitat layers, accurately predicated lionfish density 67% of the time (Table 3) . Rugosity was the only significant variable in the model (GAM, p = 0.018), and the deviance explained was 18%. Model D4 included only variables that were collected by divers and accurately predicted lionfish density 49% of the time (Table 3) . Microhabitat was the only significant variable, with 2 or 3 microhabitat features sig nificantly correlated with lionfish density (GAM, p < 0.0001 and < 0.0001, respectively), and ex- plained 47% of the deviance. Model D5, which used only the density of native grouper, accurately predicted lionfish density 42% of the time (GAM, p = 0.001, Table 3 ) and explained 17% of the deviance. Model D6 used only the diver-collected microhabitat variables and accurately predicted lionfish density 44% of the time (GAM, p = 0.033, < 0.0001, and < 0.0001 for the presence of 1, 2 or 3 types of features, respectively; Table 3 ), and explained 44% of the deviance. Lionfish density was positively correlated to prey density on reefs with multiple classes of microhabitat features (GLM, p = 0.0379).
DISCUSSION
This study demonstrated that lionfish presence, absence, and density can be predicted with varying accuracy using multiple types and resolutions of data. Remotely sensed data and derived bathymetry products had a fairly high predictive accuracy (67−76%) but did not explain a high percentage of the deviance in the model (18−38%). Adding diver-collected microhabitat observations greatly increased the deviance ex plained by the models for lionfish presence/ absence and density by ~30%. Adding diver-collected data on the density of groupers, which are native predators, improved the deviance explained by the model for lionfish density by another 2% relative to the model based on physical variables only, but was not included in the final best-fit model for lionfish presence and absence.
Broad-scale remotely sensed data provide suitable information for mapping species distributions. These types of data are easily accessed by the public and do not require many skills to analyze. However, for 'resting' during daylight hours, lionfish prefer habitat features of < 2 m resolution. This key habitat component was missed by satellite-derived remotely sensed data, both because of the top-down nature of the images and the constraints on resolution. The best fit for presence and absence was provided by model PA1 (deviance explained: 68%, predictive accuracy: 89%), and used remotely sensed seafloor habitat and benthic features as well as the diver-collected microhabitat data. In this study, divers used a simple classification system based on the presence of certain features, which made collection of the microhabitat features data easy. Higher-resolution remotely sensed imagery might improve detection of microhabitat features, but the success of these techniques likely depends on the depth of the seafloor and would still not be capable of detecting features such as caves or overhanging ledges.
The techniques used in this study are similar to many previous efforts to model species distribution (Brotons et al. 2004 , Rodríguez-Castañeda et al. 2012 . However, few habitat modeling studies of any marine species have been conducted in the Bahamas (but see Stoner 2003 for queen conch, Machemer et al. 2012 for parrotfishes). Similar to other studies, the use of both presence and absence data creates a more accurate model of species distribution than a model using only one or the other (Brotons et al. 2004) . This is especially true for species (such as lionfish) that have broad habitat ranges and can be tolerant of many environmental conditions (Barbour et al. 2010 , Jud & Layman 2012 , Kulbicki et al. 2012 , Cure et al. 2014 , Loerch et al. 2015 . The ability of divers to exhaustively search reefs at most of the sites used in this study was high, so the overall confidence in the presence and absence observations was high. The false absences (i.e. misses, predicting an ab sence when there was actually a presence) re ported when validating the models ranged from 0% in multiple models to 23% in Model PA3. The false presences (i.e. fallout, predicting a presence when there was actually an absence) detected ranged from 8 to 20%, with Model PA2 having the lowest false presence rate (8%), and Model PA4 having the highest (20%). This suggests a trade-off within the models in their ability to accurately predict presence versus absence. This distinction can be crucial for invasive species management, because an accurate map of potential presence points is important for removal efforts.
Although grouper density was significant in some of the models for both lionfish density and presence, the relationship did not appear to be linear. For example, one location that was predicted to have high lionfish densities had none at the time of the survey. However, that survey location had one of the highest densities of Nassau grouper and other large-bodied groupers seen in the survey area. In fact, reefs with high or low densities of groupers had low densities of lionfish, and the locations with medium grouper densities had high lionfish densities. This suggests that there may be an abiotic interaction, where reefs with both low grouper and lionfish densities are unsuitable reef-fish habitat (i.e. sand flats), as well as a biotic interaction where there is an anta gonistic relationship between lionfish and groupers, and reefs can only support high densities of one or the other.
Another biotic factor that may influence lionfish distri butions is the presence of large mobile invertebrates such as Caribbean spiny lobsters and long -spine ur chins. Density data were collected on these species during the surveys, but there were not enough reefs with these species present to use them as a viable model predictor. Both lobsters and urchins occupy cracks and crevices similarly to lionfish. If the cracks and crevices are important for lionfish on the reef as the models suggest, then high densities of either species may influence lionfish densities, de pending upon interspecific interactions. Anecdotally, the few reefs that had high densities of urchins supported only a few lionfish, and as the urchin density de creased throughout the summer, lionfish density increased (A. Davis unpubl. data). However, it is unknown what happened to the urchins, and since reef fish densities generally increase during the summer recruitment months, an experimental approach would be required to confirm any potential interaction.
The analysis of a subset of reefs where prey data were collected showed that lionfish density was positively correlated with reefs that had high prey density and multiple classes of microhabitat features. These results suggest that while habitat is important for lionfish distribution in their invaded range, potential for negative (via large groupers) or positive (via prey availability) biotic interactions likely influences lionfish densities and fidelity to a reef (Davis 2018) . Unfortunately, collecting fish and invertebrate data will always be both labor and time intensive and may not be economical due to the effort. However, because the biotic data were more important in the density models, additional field observations of native predators and prey species may be vital to identify reefs which are vulnerable to long-term lionfish invasions. Ultimately, if managers are concerned about overall reef health and not just lionfish re moval, biotic data of all species on the reef would be crucial to create a holistic reef management plan.
Additionally, managers need to think about what the goals of their management plan are and what type of system they are working in. On a series of small patch reefs (1 m 3 ), Benkwitt (2015) found that the first lionfish on the reef had the largest effect on native species richness and community structure, and all subsequent lionfish had a decreasing non-linear effect. These results suggests that for this system, presence versus absence of lionfish has a greater effect on reef fish communities than lionfish density. Conversely, Green et al. (2014) found a density threshold for lionfish on larger patch reefs that represents the target number to remove in order to preserve viable biomass of native fishes. In this case, knowing the predicted density of lionfish on reefs would allow managers to target reefs that are likely to support lionfish densities over the desired threshold number for removal and conservation efforts.
This study provides novel information regarding how lionfish are distributed in the reef ecosystem of Eleuthera. The results presented here have implications for management of the lionfish invasion because they demonstrate that simple models of physical habitat based on satellite-derived bathymetry provide a good approximation of where lionfish may occur. In addition, the methods for habitat modeling described here may be used to locate lionfish in other parts of the invaded range. 
